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Abstract— The research of a socially assistive robot has a
potential to augment and assist physical therapy sessions for
patients with neurological and musculoskeletal problems (e.g.
stroke). During a physical therapy session, generating person-
alized feedback is critical to improve patient’s engagement.
However, prior work on socially assistive robotics for physical
therapy has mainly utilized pre-defined corrective feedback
even if patients have various physical and functional abilities.
This paper presents an interactive approach of a socially
assistive robot that can dynamically select kinematic features of
assessment on individual patient’s exercises to predict the qual-
ity of motion and provide patient-specific corrective feedback
for personalized interaction of a robot exercise coach.
I. INTRODUCTION
An early and extensive physical therapy session is an
effective intervention for patients with neurological and mus-
culoskeletal problems (e.g stroke) to regain their functional
ability. However, patients can receive only a limited amount
of sessions due to the costs and the shortage of therapists.
Researchers have explored the possibility of supplement-
ing health services with advanced computing and a socially
assistive robot [1]. For instance, researchers envision that a
socially assistive robot can be integrated into the rehabilita-
tion process by automatically monitoring patient’s exercises
and providing motivational feedback until the patient’s next
visits to a therapist [1]. Prior work on robotic exercise coach-
ing systems demonstrates elderly or post-stroke subjects can
successfully exercise and stay engaged with a robot over a
single [2] or multiple sessions [3], [4]. However, in spite of
this potential of a robot to monitor and guide exercises, prior
work is limited to provide pre-defined corrective feedback
on patient’s exercise performance (e.g. angular difference
with a motion template [3], [4]). Generating personalized
interaction and feedback for an individual patient still remain
a challenge [4].
To address this challenge, this paper presents an interactive
approach of a socially assistive robot for personalized post-
stroke therapy (Figure I) [5]. This approach utilizes rein-
forcement learning to dynamically select the most important
kinematic features of stroke rehabilitation assessment for
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individual patient’s exercise motions to predict the quality
of motion [6]. Utilizing selected features and patient’s held-
out normal motions, a robotic system can analyze which
features of an affected motion have been deviated from those
of normal motions, and generate personalized corrective
feedback on a patient’s exercise motion (Figure 1c) [5].
II. INTERACTIVE APPROACH OF A SOCIALLY ASSISTIVE
ROBOT FOR PERSONALIZED PHYSICAL THERAPY
This work aims to support transparent and personalized
interaction of a robot exercise coach that utilizes a sparse
machine learning model with feature selection [7] to pre-
dict the quality of motion and generate corrective feedback
(Figure 1c) with held-out patient’s normal motions [5].
We represent an exercise motion with sequential joint
coordinates from a Kinect v2 sensor and extract various
kinematic features similar to [8]: joint angles (e.g. elbow
flexion, shoulder flexion, elbow extension, shoulder abduc-
tion, the tilted angle of head, spine, and shoulder), speed
related features (e.g. speed, acceleration, jerk, etc.) on wrist
and elbow joints, and normalized relative trajectory (i.e. the
Euclidean distance head and wrist and head and elbow).
For feature selection, this paper utilizes reinforcement
learning (RL) to dynamically identify salient features of
assessment for individual patient’s motions [6]. Specifically,
we apply Double Q-learning [9] to train an agent that
sequentially decides whether another feature is necessary
to assess an exercise while receiving a negative reward
for requesting an additional feature or misclassification.
Although the classical approaches of feature selection (e.g.
filter, wrapper, embedded methods) select a fixed set of
features with training data for all patients, our approach of
feature selection with RL finds an optimal set of features for
individual patient’s motions [6]. Thus, we hypothesize and
demonstrate that feature selection with RL is beneficial over
classical feature selection approaches to generate personal-
ized rehabilitation assessment and feedback.
For a machine learning (ML) model to predict as-
sessment, we utilize a Neural Network (NN) while grid-
searching various architectures (i.e. one to three layers with
32, 64, 128, 256, 512 hidden units) and learning rates
(i.e. 0.0001, 0.005, 0.001, 0.01, 0.1) using ‘PyTorch’ libraries
[10]. ‘ReLu’ activation and ‘AdamOptimizer’ are applied,
and a model is trained until the tolerance of optimization
is 0.0001 or the maximum 200 iterations.
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Fig. 1: (a) Flow diagram of an interactive approach of an assistive robot for personalized physical therapy. (b) the setup of
a system with a Kinect sensor, a tablet with the visualization interface, and the NAO robot. (c) An example output of the
visualization interface that presents predicted assessment on patient’s exercise performance with corrective feedback.
III. DATASET OF THREE UPPER-LIMB EXERCISES
For the evaluation, this paper utilizes the dataset of three
task-oriented, upper-limb stroke rehabilitation exercises sug-
gested by therapists: ‘Bring a cup to the mouth’, ‘Switch a
light on’, and ‘Move forward a cane’ [11]. Fifteen stroke
patients with different levels of functional abilities (37 ± 21
Fugl Meyer Scores) and 11 healthy subjects participated in
data collection with a Kinect v2 sensor (Microsoft, Redmond,
USA) that records the trajectory of body joints at 30 Hz. A
patient performed 10 repetitions of each exercise with both
patient’s affected and unaffected sides. A healthy subject
performed 15 repetitions of each exercise with the subject’s
dominant side. Two therapists annotated the dataset to imple-
ment our approach and compute therapist’s agreement (TP
in Table I).
IV. RESULTS
The machine learning (ML) model with reinforcement
learning based feature selection (ML - RL) achieves the good
agreement level with therapist’s annotation: 0.7973 - 0.8331
average F1-scores on three exercises, which is comparable
with therapist’s agreement (TP in Table I). In addition, our
approach (ML - RL) achieves 0.11 higher average F1-score
than the ML model with Recursive Feature Elimination, one
of classical feature selection methods (ML - RFE). Thus,
these results show that our approach can perform better to
generate personalized assessment and corrective feedback.
For the interaction with patients, we implement the interface
that presents the tracked joints of a patient’s exercise motion,
predicted assessment on patient’s exercise performance, and
real-time audio and visual corrective feedback (Figure 1c).
TABLE I: Performance (F1-scores) of our approach (ML -
RL), the baseline approach with Recursive Feature Selection
(ML - RFE), and therapist’s agreement (TP)
Exercise 1 (E1) Exercise 2 (E2) Exercise 3 (E3) Overall
ML - RL 0.8331± 0.0059 0.7973 ± 0.0867 0.8053 ± 0.0496 0.8119 ± 0.0526
ML - RFE 0.6742 ± 0.0715 0.7628 ± 0.1708 0.6415 ± 0.0806 0.6928 ± 0.1147
TP 0.7455 ± 0.2054 0.8147 ± 0.1522 0.7254 ± 0.1838 0.7619 ± 0.1626
V. CONCLUSION AND FUTURE WORK
This paper describes an interactive approach of a socially
assistive robot that applies reinforcement learning for dy-
namic feature selection on individual patient’s rehabilita-
tion exercises to assess the quality of motion and generate
personalized corrective feedback. The evaluation with the
annotated dataset of three stroke rehabilitation exercises
shows that our approach achieves good congruence with
therapist’s annotation, but also allows to generate transparent
and personalized corrective feedback. In future, we will
evaluate the usefulness of personalized corrective feedback
from the NAO robot (Figure 1b) for coaching post-stroke
subject’s rehabilitation exercises.
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